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We argue that animal-breeding schemes need well-designed breeding plans to maximise
long-term genetic gains from genomic information. Genomic information has been
implemented in livestock breeding schemes with ad hoc breeding plans, suggesting that
the potential benefits of genomic information are not being fully exploited. Breeding
schemes need well-designed breeding plans to exploit the benefits of genomic informa-
tion for two reasons. First, there are several components of breeding schemes with
genomic information that impact on long-term genetic gains. Second, these components
interact, which implies that breeding schemes need to optimise components simulta-
neously in order to maximise long-term genetic gains. Designing breeding plans that
optimise components simultaneously is a complex task. In more cases than not, breeding
schemes, their components, and interactions between these components do not allow
optimum breeding plans to be designed by mere reasoning. We recommend using
decision frameworks to design breeding plans for schemes that use genomic information:
testing sound hypotheses by designing and executing controlled experiments using
decision tools, such as mathematical–statistical models. These decision frameworks
enable us to design optimum breeding plans by providing an objective and theoretical
basis to make and validate breeding decisions, enabling us to understand the underlying
mechanisms of breeding schemes with genomic information, and allowing us to test the
practical implementation of breeding decisions against theoretical models. Genomic
information is an exciting prospect for animal breeding, and there is clearly an important
role for breeding plans that maximise long-term genetic gains in breeding schemes using
genomic information.
& 2014 Elsevier B.V. Open access under CC BY-NC-ND license.Genomics Applied to
erman Ferraz.
d Food Council, Pig
nmark.
BY-NC-ND license.1. Introduction
Design of breeding plans, the science of decision-making
in animal breeding, has become the forgotten discipline of
animal breeding since the concept of genomic selection was
introduced by Meuwissen et al. (2001). Once the concept
gained traction, the attention of animal breeders focused on
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information (Daetwyler et al., 2013; de los Campos et al.,
2013). With the promise of accurate predictions, genomic
selection was quickly implemented by livestock industries
around the world (Hayes et al., 2009a; Bagnato and Rosati,
2012; Stock and Reents, 2013). Genomics was subsequently
hailed as a revolution and paradigm shift for animal breeding,
even though genomic information has not changed the basic
assumptions underlying animal breeding and, in practice,
it has only been used to rank animals. Genomic information
is an exciting prospect for animal breeding, but it has been
implemented with limited understanding of its impact on
long-term genetic gain, which is the goal of most breeding
schemes (Jannink et al., 2010; Daetwyler et al., 2013). In some
breeding schemes, genomic predictions have merely replaced
conventional predictions, while breeding decisions in most, if
not all, schemes have been based on ad hoc breeding plans.
This review argues from the literature that breeding schemes
need well-designed breeding plans to maximise long-term
genetic gains from genomic information. These arguments are
similar to those for conventional breeding schemes with the
exception that genomic information has added an extra
component to the design of breeding plans. We present these
arguments in three sections. In Section 2, we present our view
of the breeding landscape in the genomic era. In Section 3, we
highlight several components of breeding schemes that
impact on long-term genetic gains when using genomic
information. These components interact, which implies that
breeding plans need to optimise components simultaneously
in order to maximise long-term genetic gains. In Section 4, we
recommend using decision frameworks to design breeding
plans for schemes that use genomic information. We limit the
focus of our review to breeding schemes that aim tomaximise
long-term genetic gains of breeding objectives with finite
resources, which is equivalent to maximising short-term
genetic gains while constraining losses of genetic variation.
Throughout the review, we assume that genomic information
contributes to increased accuracy for predicted breeding
values of complex traits. We use the term genomic information
to define SNP-genotypes derived from individual animals,
genomic predictions as measures of breeding values that are
at least partly based on genomic information, and genomic
selection as any selection decision that is at least partly based
on genomic predictions.
2. Breeding landscape
In this section, we present our view of the breeding
landscape in the genomics era. We consider the potential
benefits of genomic information from a breeding perspec-
tive and argue that some of these benefits are probably not
being fully exploited in practical breeding schemes. We
also emphasis that there is not yet direct evidence that
genomic selection does increase long-term genetic gains.
2.1. Genomic information
Genomic information has at least three potential ben-
efits for animal breeding. First, it can be used to predict
breeding values of selection candidates, where the breed-
ing values could include information on lethal alleles(de los Campos et al., 2013; Meuwissen et al., 2013;
Taylor, 2014). Second, it can be used to constrain parental
relationships and control rates of inbreeding (Cervantes
and Meuwissen, 2011; De Cara et al., 2011; Engelsma et al.,
2011; Sonesson et al., 2012; Clark et al., 2013). Third, it can
be used to monitor losses of genetic variation through
genetic drift (Purfield et al., 2012; Sonesson et al., 2012;
Ferenčaković et al., 2013; Wang, 2014). The striking feature
of these benefits is that they are also the reasons for
observing phenotypes and maintaining pedigree records
in conventional breeding schemes without genomic infor-
mation. Genomic information has not made phenotypes
and pedigrees redundant. Phenotypes and, to a lesser
extent, pedigrees will always be required to maximise
long-term genetic gains. Instead, genomic information
provides an additional information source that has the
potential to realise these benefits more effectively than in
conventional schemes. It also does not solve arguably the
greatest obstacle for animal breeding: a lack of well-
defined phenotypes for ‘difficult-to-measure’ traits,
including disease resistance, feed efficiency, longevity,
survival, welfare, behaviour, and slaughter traits (Green,
2009). While it is possible to realise genetic gains with
well-defined phenotypes without genomic information, it
is not possible to realise gains without well-defined
phenotypes even with genomic information. So, genomic
information has not changed the underlying principles of
animal breeding, but it does provide an additional infor-
mation source that could lead to increases in long-term
genetic gain.
2.2. Practical breeding schemes
Genomic selection has been implemented by livestock
industries to exploit potential increases in prediction
accuracy (Stock and Reents, 2013). In most cases, this has
only resulted in small changes to breeding schemes with
genomic predictions replacing conventional predictions
(Stock and Reents, 2013). The exceptions are breeding
schemes for dairy cattle, where genomic information has
prompted dairy breeders to shift selection decisions to
earlier ages, thereby reducing the emphasis on progeny
testing (Boichard et al., 2012). Although accuracies at the
earlier ages are lower than those realised by progeny
testing, reducing the age of selection is expected to
increase rates of genetic gain by reducing generation
intervals (Schaeffer, 2006; Goddard et al., 2010; Bouquet
and Juga, 2012). Unfortunately, all of these breeding
schemes are probably not exploiting all of the benefits of
genomic information for three reasons. First, genomic
information has only been used to predict breeding values.
As far as we can gather, genomic information has not been
used to constrain parental relationships or monitor losses
of genetic variation. Second, genomic information has, to
the best of our knowledge, not resulted in any new traits
being included in total-merit indices. The inclusion of new
traits is one of the arguments put forward for using
genomic information (Bagnato and Rosati, 2012; Bouquet
and Juga, 2012; Stock and Reents, 2013). Third, there is
little evidence that the benefits of using genomic informa-
tion in individual breeding schemes have been assessed
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integrated. This is surprising, given the level of investment
by livestock industries. These reasons suggest that geno-
mic information has been implemented in practical breed-
ing schemes with ad hoc breeding plans. They could,
therefore, exploit more of the benefits of genomic infor-
mation with well-designed breeding plans.2.3. Long-term genetic gains
There is no direct evidence, as of primo 2014, that
genomic selection increases long-term genetic gains in
practical breeding schemes. The direct evidence required
is genetic or phenotypic trends that show genomic selec-
tion realising more gain than conventional schemes over
prolonged periods of time. Anyone with an optimistic view
could duly argue that it is only a matter of time before this
evidence becomes available, given that genomic selection
was first implemented in 2008 (Harris et al., 2009;
VanRaden et al., 2009). They would presumably draw
support from numerous simulation studies and cross-
validation analyses that report genomic predictions to be
more accurate than conventional predictions (Nielsen
et al., 2009; Lillehammer et al., 2011a, b; Bouquet and
Juga, 2012; Pryce and Daetwyler, 2012; Daetwyler et al.,
2013; de los Campos et al., 2013; Meuwissen et al., 2013).
On the other hand, anyone taking a sceptical stance may
counterclaim that the accuracy of genomic predictions is
not the only component of breeding schemes that deter-
mines long-term genetic gain, simulation studies and cross-
validation analyses can overestimate prediction accuracies,
genomic information has been implemented sub-optimally,
and there is no measure available to assess unequivocally
the impact of genomic information on long-term genetic
gain in practical breeding schemes. They may even remind
us of the unfulfilled promises of marker-assisted selection
(Dekkers, 2004). So, although the increased accuracies
reported for genomic predictions indicate that genomic
selection will increase long-term genetic gains, we recom-
mend that the level of increase should be assessed when
direct evidence becomes available.3. Design of breeding plans
Our view of the breeding landscape suggests that some
of the benefits of genomic information are not being fully
exploited in practical breeding schemes. The main reason
is that breeding schemes using genomic information are
based on ad hoc breeding plans. In this section, we explore
the components of breeding schemes that impact on long-
term genetic gain when using genomic information. With
the exception of genotyping, these components are the
same as those for conventional breeding schemes. We
highlight the importance of each component and propose
areas of improvement and future research. We then
illustrate that the components interact and advocate
breeding plans that optimise components simultaneously.3.1. Breeding objective
Genomic information is not involved in the definition of
breeding objectives. Breeding objectives are defined based on
projected profits under future conditions of production, not
on the potential to change traits genetically (James, 1982;
Dickerson, 1982). However, genomic information could mod-
ify our approach to breeding objectives for two reasons. First,
it could provide an opportunity to re-evaluate breeding
objectives, ensuring that traits associated with fitness are
included with appropriate economic values (Groen et al.,
1997; Mark and Sandøe, 2010). These traits are susceptible
to deterioration because they tend to be unfavourably corre-
lated with the production traits that have traditionally domi-
nated breeding objectives (Rauw et al., 1998; Gjedrem and
Baranski, 2009). They could become particularly susceptible if
genomic information increases the selection pressure on
production traits. The second reason is that genomic informa-
tion may encourage us to re-define breeding objectives more
often, particularly if genomic information does increase rates
of genetic gain. Re-defining breeding objectives is necessary
when genetic gains are realised and there are non-linear
relationships between traits and profit (Groen et al., 1997).
So, although genomic information does not change the way
we define breeding objectives, it should prompt us to re-
evaluate and re-define them more often.
3.2. Infrastructure
Genomic selection will probably benefit many, but not all,
breeding schemes. For breeding schemes to benefit from
genomic selection, at least three criteria need to be fulfilled.
First, schemes need an infrastructure that supports genomic
selection. This includes centralised decision-making, facilities
to maintain reference animals and selection candidates,
procedures for DNA collection and storage, reproductive
technologies, and software for data analyses. Second, schemes
need to disseminate genetic gains from genomic selection.
Dissemination is particularly effective in centralised schemes,
such as dairy cattle, provided producers are willing to pay for
the genetic material (König et al., 2009). It is less effective in
decentralised schemes, such as sheep and beef cattle (Banks
and van der Werf, 2009; Todd et al., 2011). Third, schemes
need a return from their investment in genomic selection.
This includes increased revenue and greater competitiveness
that recover the costs associated with genomic selection
(Banks and van der Werf, 2009; Van Eenennaam et al.,
2011; Abell et al., 2014). When breeding schemes do not fulfil
these criteria, it may be worthwhile making alternative
breeding investments, such as improving phenotyping sys-
tems and reproductive technologies. Therefore, implementa-
tion of genomic information requires that the infrastructure of
breeding schemes supports genomic selection and invest-
ments can be justified by increased genetic gains and greater
dissemination of genetic material.
3.3. Genotyping
Genotyping strategies allocate resources to collect
genomic information. The number of genotypings that
can be collected in breeding schemes is often limited for
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genotype all animals, given that there will always be costs
and logistical considerations associated with genotyping
(Hayes et al., 2009a; Goddard, 2012; Pryce et al., 2012b).
Second, there are diminishing marginal returns as more
animals are genotyped (Hayes et al., 2009b; Sørensen and
Sørensen, 2009; Lillehammer et al. 2011b; Henryon et al.,
2012; Thomasen et al., 2014). At some point, the marginal
returns from genotyping additional animals fall below the
marginal genotyping costs and logistical considerations.
Therefore, the number of genotypings will probably always
be limited and genotyping strategies will always play an
important role in breeding schemes that use genomic
information.
At the core of genotyping strategies are trade-offs that
exist when genotyping selection candidates and reference
animals. These trade-offs are caused by the need to
genotype three groups of animals. The first is selection
candidates, which are genotyped to increase their predic-
tion accuracies and estimate relationships between the
candidates more accurately. Increased prediction accura-
cies enable us to rank the candidates more reliably, while
accurate relationship estimates enable us to constrain
parental relationships and monitor losses of genetic varia-
tion. The second group is reference animals that contribute
to the accuracy of selection candidates by realising ‘base-
line’ accuracies. Baseline accuracies are the expected
accuracies of selection candidates that are not related to
the reference animals (Daetwyler et al., 2010; Goddard,
2009; Clark et al., 2012; Pszczola et al., 2012). The highest
baseline accuracies are realised by genotyping reference
animals that represent the total genetic variation in a
breeding population. For example, genotyping reference
animals with the highest and lowest genetic merits rea-
lises higher baseline accuracies than genotyping randomly,
which realises higher accuracies than genotyping animals
with the highest merits (Ehsani et al., 2010; Boligon et al.,
2012; Jiménez-Montero et al., 2012; Pszczola et al., 2012).
The third group is reference animals that contribute to the
accuracy of selection candidates by being related to the
candidates. The more closely related the reference animals
are to the selection candidates, the higher the predictions
accuracies (Habier et al., 2007, 2010; Hayes et al., 2009c;
Lund et al., 2009; Clark et al., 2012; Pszczola et al., 2012).
Trade-offs between selection candidates and reference
animals arise when individual animals do not belong to
all three genotyping groups. When this is the case, there
will be an allocation of genotypings that maximises long-
term genetic gain. It implies that breeding schemes using
ad hoc genotyping strategies are probably not maximising
long-term genetic gains.
Genotyping strategies become particularly complex in
practical breeding schemes for at least five interrelated
reasons. First, breeding schemes with several traits in the
total-merit index can have multiple reference populations,
causing trade-offs between reference populations. This
comes about when animals are not equally informative
for all traits. Second, diminishing marginal returns become
more pronounced when a priori information, often in the
form of phenotypes and pedigrees, is available at the time
of genotyping (Henryon et al., 2012). When thisinformation is available, breeding values can be predicted
and animals genotyped based on a criterion that includes
genetic merit and relationship. Third, genomic information
from males and females may not be equally informative.
Targeting individuals from the sex with the highest selec-
tion intensity, for example, has been shown to realise more
genetic gain when the number of genotypings is low
(Henryon et al., 2012). Only when the number of genotyp-
ings was increased did it become worthwhile genotyping
individuals from the other sex. Fourth, SNP-panels come in
different sizes with the cost of the panels related to the
number of SNP-markers. Exploiting this enables low-cost
genotyping strategies combined with genotype imputation
(Habier et al., 2009; Huang et al., 2012). Fifth, there can be
trade-offs between genotyping animals early and later in
life. Genotyping early in life can lead to large increases in
prediction accuracy at the time of genotyping because
there is little a priori information available. The drawback
is that large numbers of animals need to be genotyped to
capture the most-suitable selection candidates. Genotyp-
ing later in life often leads to small increases in accuracy
because there is more a priori information available, but
fewer animals need to be genotyped. These five reasons
highlight that genotyping strategies for practical breeding
schemes involve a series of trade-offs that require formal
analyses to find the allocation of genotypings that max-
imises long-term genetic gain.
3.4. Phenotyping
Phenotyping strategies allocate resources to collect the
phenotypes. The number of phenotypes that can be
collected in breeding schemes is often limited by the same
two reasons as genotyping. First, there are not the
resources to phenotype all animals for the traits in the
total-merit index. These resources not only include costs,
but also our capacity to measure well-defined phenotypes.
Second, there are diminishing marginal returns as more
resources are allocated to phenotyping (Hayes et al.,
2009b; Okeno et al., in press). Diminishing marginal
returns become more pronounced when a priori informa-
tion, often in the form of genotypings and pedigree
information, is available. When this information is avail-
able, animals can be phenotyped based on criteria that
include genetic merit and genetic relationships. In addition
to these two limitations, phenotyping strategies can have
the added constraint that only some animals can be
phenotyped for all traits in the total-merit index. Some
traits, including sex-specific traits, may not be expressed
by all animals, while other traits, such as slaughter traits
and longevity, cannot be phenotyped on the same indivi-
duals for logistical reasons. This constraint complicates
breeding schemes that use genomic information because it
leads to multiple reference populations and selection
candidates that are only phenotyped for some, if any, of
the index traits. Clearly, phenotyping strategies are vital
for breeding schemes using genomic information.
The limitations and constraints to phenotyping bring
about three interrelated trade-offs that phenotyping stra-
tegies need to tackle. First, a trade-off can exist between
traits. Allocating resources to phenotype animals for a trait
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type the remaining index traits. Second, a trade-off can
exist within traits when allocating phenotypes to selection
candidates and reference animals. This trade-off resembles
those for genotyping with the exception that phenotypes
are not used to constrain parental relationships. Third,
a trade-off can exist between animals for those traits that
cannot be phenotyped on the same individual for logistical
reasons. Phenotyping animals for one, or some, of these
traits leave fewer animals that can be phenotyped for the
other traits. With these trade-offs operating, it was not
surprising that Okeno et al. (in press) realised different
rates of genetic gain by simply changing the criterion used
to allocate phenotypings to individuals in a simulated
breeding scheme. Therefore, in any breeding scheme, there
is an allocation of available phenotypings that maximises
long-term genetic gain. As for genotyping strategies,
schemes with ad hoc phenotyping strategies are probably
not maximising long-term genetic gains.
3.5. Prediction
Genomic prediction is evolving into its own research
field (Daetwyler et al., 2013; de los Campos et al., 2013).
This is certainly an important area of research for animal
breeding because animals are selected based on predic-
tions of genetic merit and it is challenging to associate
phenotypes with genomic information. However, it would
be unfortunate if research on genomic prediction evolved
separate from other components of animal breeding. The
reason is that prediction is one of several components
determining long-term genetic gain, which makes it a little
concerning that increases in accuracy, the goal of genomic
prediction, is fast becoming the perceived goal of animal
breeding (de los Campos et al., 2013; Meuwissen et al.,
2013; Stock and Reents, 2013). We encourage prediction to
remain an integrated component of breeding schemes
because animal breeding needs models and validation
procedures that reflect individual breeding schemes.
In order to be useful for animal breeding, these models
and validation procedures are required to fulfil three
criteria. First, the models need to be aligned with selection
decisions. Prediction accuracies of the most-relevant selec-
tion candidates, not average accuracies, are important for
breeding schemes as it is these accuracies that change
breeding decisions and increase long-term genetic gains.
Second, the validation procedures need to realise unbiased
accuracies. The most common validation procedures are
simulation studies and cross-validation analyses, which
can overestimate prediction accuracies. Prediction accura-
cies from simulation studies tend to be higher than cross-
validation analyses using empirical data, while accuracies
from cross-validation analyses are sensitive to the defini-
tion of reference and test populations (Amer and Banos,
2010; Jannink et al., 2010; de los Campos et al., 2013,
Meuwissen et al., 2013). Third, the models and validation
procedures need to reflect the time horizon of individual
schemes. The ranking of prediction models can change
when assessed for genetic gains over different time hor-
izons because the models vary in the emphasis placed on
low-frequency alleles with positive effects (Muir, 2007;Goddard, 2009; Jannink, 2010; Bastiaansen et al., 2012; Liu
et al., 2014). The longer the time horizon, the more
important it is that models account for genetic variation
not captured by SNP-markers (Muir, 2007; Goddard,
2009). For these reasons, it is likely that different models
will be best suited to different traits in different breeding
schemes, implying that individual schemes require their
own unique prediction models. Clearly, genomic predic-
tion is not an isolated optimisation problem and we
recommend that it remain a research field that is inte-
grated within the design of breeding plans.
3.6. Selection
Optimum-contribution selection (OCS) is the selection
method of choice for conventional breeding schemes that
use phenotypes and pedigrees without genomic informa-
tion (Woolliams, 2007). This is because it maximises long-
term genetic gains by maximising the weighted-genetic
merit of selected parents while constraining the relation-
ship between the parents (Wray and Goddard, 1994;
Meuwissen, 1997; Meuwissen and Sonesson, 1998;
Grundy et al., 1998, 2000). Given that OCS is the method
of choice for conventional schemes, it is also likely to be
the method of choice for breeding schemes using genomic
information. Validating this premise is an important area
of research for animal breeding.
OCS manages genetic contributions in conventional
breeding schemes according to the theory of genetic
contributions (Woolliams and Thompson, 1994). The the-
ory proposes that the maximum rate of genetic gain, given
a constraint on parental relationships, is realised when an
exact threshold–linear relationship exists between the
true Mendelian-sampling terms of ancestral animals and
their genetic contributions to the descendants of a popula-
tion: ancestral contributions are zero below a threshold
Mendelian-sampling term and increase linearly with the
value of Mendelian-sampling terms above the threshold
(Lindgren and Matheson, 1986; Grundy et al., 1998;
Woolliams et al., 2002, Woolliams, 2006, 2007). OCS aligns
ancestors close to the threshold–linear relationship
(Grundy et al., 1998; Avendaño et al., 2004). The problem
in practice is that it cannot align the ancestors exactly
because the true Mendelian-sampling terms of the ances-
tors are not known, they are only estimated, and with
pedigree information, it is not possible to manage genetic
contributions of each ancestor independently (Caballero
et al., 1996; Grundy et al., 1998; Sánchez et al., 2003;
Daetwyler et al., 2007). When ancestors deviate from the
exact threshold–linear relationship, the same rate of
genetic gain can only be realised with a cost of increased
parental relationships. The implication of this is important
for animal breeding. If we are to maximise long-term
genetic gains using OCS, we need information that enables
us to increase the accuracy of Mendelian-sampling terms
and manage ancestral contributions more independently.
Genomic information could provide the information
needed to maximise long-term genetic gains using OCS.
With genomic information, we can trace the inheritance
of chromosomal segments and estimate relationships
between selection candidates more accurately. More
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Mendelian-sampling terms, they enable us to manage
ancestral contributions more independently as relation-
ships are functions of ancestral contributions (Wray and
Thompson, 1990). This unlocks, to a certain degree, the
association between genetic gain and genetic relationship
that exists with pedigree information only. Some evidence
to support this comes from Villanueva et al. (2002),
Roughsedge et al. (2008), and Sonesson et al. (2012) who
showed that OCS realises genetic gain while constraining
identity-by-descent homozygosity at specific chromosome
segments carrying segregating QTL. It suggests that we can
use OCS with genomic information to select those candi-
dates carrying favourable but different combinations of
chromosomal segments from ancestral animals. All of this
means that OCS with genomic information could max-
imise long-term genetic gain by aligning ancestors closer
to exact threshold–linear relationships than OCS with
pedigree information.
The challenge when using OCS with genomic informa-
tion is to define criteria that constrain relationships
between parents and monitor losses of genetic variation.
These criteria need not be the same, and they can differ
from the use of genomic information in prediction. Defin-
ing them is far from resolved. Sonesson et al. (2012) used
stochastic simulation to argue that, when using genomic
predictions with OCS, parental relationships should be
constrained using genomic information. Genomic informa-
tion maintained more genetic variation across the genome
than pedigree information, including genome regions
carrying segregating QTL. Clark et al. (2013), on the other
hand, reported that genomic information only constrained
relationships more than pedigree information in species
that produce large full-sib families. With little clarity, this
ought to be an area of research priority. Woolliams (2006)
proposed the idea of multiple-relationship matrices to
manage genetic variation by optimising the fixation of
individual chromosome segments. We believe it is worth-
while pursuing single and multiple-relationship matrices
to constrain relationships and monitor losses of genetic
variation, where the criteria used to monitor losses of
variation are summary statistics of these matrices. There
are several methods that could be used to construct these
matrices with genomic information. First, we could apply
differential emphasis on specific SNP-markers or chromo-
somal regions without considering linkage phase and
marker independence (VanRaden, 2008; Yang et al.,
2010). For example, relationships may be constrained by
placing most emphasis on markers or chromosome
regions with low minor-allele frequencies. Second, we
could use runs-of-homozygosity to identify contiguous
lengths of chromosome segments that are identical-by-
state and likely to be identical-by-descent (Broman and
Weber, 1999; Kirin et al., 2010; Pryce et al., 2012a). Third,
we could use linkage disequilibrium to estimate identity-
by-descent between pairs of individuals at specific regions
(Ritland, 1996; Leutenegger et al., 2003; Browning and
Browning, 2012). Relationship matrices constructed with
each of these criteria could reduce the loss of favourable
chromosome segments when applying OCS. If they do, not
only will they go a long way to maximising long-termgenetic gain with OCS, they will take significant steps
towards sustainable breeding schemes.
3.7. Mating
Mating designs have received less attention than selec-
tion methods, presumably because selection has the lar-
gest impact on long-term genetic gain. However, mating
designs can be worthwhile. Choosing appropriate mating
designs can increase long-term genetic gain (Caballero
et al., 1996; Sonesson and Meuwissen, 2000; Henryon et
al., 2009). Any increases brought about by mating can be
seen as an added benefit to breeding schemes as most
mating designs can be implemented without extra costs or
logistical constraints. This is because most of the informa-
tion required to implement mating designs is collected to
make selection decisions. Mating designs can increase
long-term genetic gains by improving family structure.
They make ancestral contributions more independent by
dispersing the contributions within breeding populations
and increasing the number of ancestors that contribute to
each descendent (Woolliams et al., 2002; Sørensen et al.,
2005). This can have three consequences for long-term
genetic gain. First, it enables selection to align ancestors
closer to exact threshold–linear relationships (Woolliams
et al., 2002; Woolliams, 2006, 2007). Second, it reduces
rates of inbreeding, expression of inbreeding depression,
and the risk of alleles being lost through genetic drift
(Caballero et al., 1996; Sonesson and Meuwissen, 2000;
Kristensen and Sørensen, 2005; Pryce et al., 2012a). Third,
it may reduce variation in the accuracy of breeding values
between selection candidates by increasing ‘connected-
ness’. All of this means, therefore, that mating designs are
worth considering because they can increase long-term
genetic gains without burdening breeding schemes with
extra costs or logistical constraints.
Genomic information may enable us to develop mating
designs that disperse genetic contributions within breed-
ing populations more effectively than pedigree informa-
tion. One possibility is to extend two designs that were
developed using pedigree information: minimum-
coancestry mating and mating by minimising the covar-
iance between ancestral contributions (MCAC mating)
(Wright, 1921; Henryon et al., 2009). Minimum-
coancestry mating has long been recommended for prac-
tical breeding schemes because it minimises the variation
of each ancestor's contribution across allocated matings
(Caballero et al., 1996; Meuwissen, 2007). It could exploit
genomic information by maximising the probability that
all ancestors contribute chromosomal segments to all
allocated matings. By comparison to minimum-
coancestry mating, MCAC mating is a new design that
may be particularly responsive to genomic information by
maximising the number of combinations of chromosomal
segments from ancestral animals in allocated matings.
Both minimum-coancestry and MCAC mating can be
extended to include genomic information by replacing
their pedigree-relationship matrices with the single or
multiple-relationship matrices that were proposed to
control parental relationships and monitor losses of varia-
tion with OCS. So, genomic relationships could be used to
M. Henryon et al. / Livestock Science 166 (2014) 38–4744develop mating designs that disperse genetic contribu-
tions within breeding populations more appropriately,
leading to increases in long-term genetic gains.
3.8. Interacting components
Not only does genomic information impact on several
components of breeding schemes, these components also
interact for two reasons. First, available resources in
breeding schemes are finite. Allocating resources to one
component limits the resources available to other compo-
nents, which implies that resources should be allocated to
those components that realise the largest marginal returns
in long-term genetic gain. Second, decisions made within
components also impact on the outcomes of other com-
ponents. The following highlights approaches to address
five interactions between components that can have a
major impact on long-term genetic gains.
(i) Establish genotyping and phenotyping strategies simulta-
neously. This involves allocating available resources to
collect genotypes and phenotypes, aligning genotypes
with phenotypes to establish reference populations for
traits included in the total-merit index, and allocating
genotypes and phenotypes to available selection candi-
dates. It could also involve the order in which genotypes
and phenotypes are collected. The order generates a priori
information that can be used to make subsequent geno-
typing and phenotyping decisions more informative.
(ii) Align prediction models and genotyping and phenotyping
strategies. Just as the performance of prediction models
depends on the genotypes and phenotypes that have been
collected (Daetwyler et al., 2013; de los Campos et al.,
2013; Meuwissen et al., 2013), the most-suitable geno-
types and phenotypes probably depend on the available
prediction models. This implies that choosing a prediction
model and developing genotyping and phenotyping stra-
tegies should be carried out simultaneously.
(iii) Align OCS with genotyping strategy. The level of par-
ental relationship that is deemed acceptable when using
OCS can have a bearing on genotyping strategies. Breeders
that will only accept low levels of relationship, implying
risk-aversion, need to genotype more selection candidates
than breeders with a disposition for risk. Genotyping
more candidates increases the probability of capturing
those animals that maximise the weighted-genetic merit
with strict constraints on the level of parental relation-
ships.
(iv) Cater for new traits in total-merit indices by modifying
phenotyping and genotyping strategies. Including new traits
in the total-merit index modifies phenotyping strategies as
we shift available resources to collect well-defined phe-
notypes for the new traits. It is also modifies genotyping
strategies, particularly when new reference populations
are required.
(v) Modify the infrastructure of breeding schemes to cater for
genomic selection. Not only does the infrastructure ofbreeding schemes determine whether it is worthwhile
investing in genomic selection, the potential to increase
long-term genetic gains using genomic selection could
make it worthwhile modifying the infrastructure to realise
these gains. There are two ways that this could occur. First,
it could bring about the establishment of new infrastruc-
tures, including larger breeding schemes or the amalgama-
tion of schemes, establishment of facilities and techniques to
collect difficult-to-measure traits, and investments in repro-
ductive technologies that increase selection intensity and
amplify the genetic gains from genomic selection. Genetic
gains are amplified by increases in selection intensity
because selection intensity and accuracy have a multiplica-
tive interaction in the breeder's equation (Falconer and
McKay, 1996). Second, genomic selection could make estab-
lished infrastructures obsolete. The most-notable example is
the termination of progeny testing in dairy cattle, where
bulls and heifers are increasingly being selected early in life
to reduce generation intervals (Boichard et al., 2012).
These interactions highlight that components of breed-
ing schemes need to be optimised simultaneously if we are
to design breeding plans that maximise long-term genetic
gains. Clearly, addressing interactions between compo-
nents is a logical step towards well-designed breeding
plans for breeding schemes using genomic information.4. Designing breeding plans using decision frameworks
Designing breeding plans that optimise components
simultaneously is a complex task, particularly when the
optimum breeding plan for individual breeding schemes is
influenced by species, traits, management, effective-
population size, genetic (co)variances, economic values,
marker densities, and numbers of independent loci
(Daetwyler et al., 2008, 2010; Goddard, 2009; Hayes et al.,
2009c). In more cases than not, breeding schemes, their
components, and interactions between these components
do not allow optimum breeding plans to be designed by
mere reasoning. Designing breeding plans requires deci-
sion frameworks: testing sound hypotheses by designing
and executing controlled experiments using decision tools,
such as mathematical–statistical models. These decision
frameworks, direct adaptions of conventional scientific
method, have three advantages when designing breeding
plans. First, they provide an objective and theoretical basis
by which to make and validate breeding decisions. Second,
they enable us to understand the underlying mechanisms
of breeding schemes with genomic information. Third,
they allow us to test practical implementation of breeding
decisions against theoretical models. So, decision frame-
works are essential to the design of breeding plans that
maximise long-term genetic gains in breeding schemes
using genomic information.
Decision frameworks require decision tools or virtual
laboratories to test hypotheses related to breeding plans.
In animal breeding, these models are typically simulation
models, both deterministic and stochastic, that provide
useful representations of practical breeding schemes
(Rutten et al., 2002; Pedersen et al., 2009; Täubert et al.,
M. Henryon et al. / Livestock Science 166 (2014) 38–47 452010; Pryce and Daetwyler, 2012). To be useful, these
models must fulfil at least five criteria (see Starfield and
Bleloch, 1986; Starfield et al., 1990; Haefner, 2005; Grimm
and Railsback, 2013 for detailed introductions to modelling
in biology, ecology, and natural-resource management).
First, they must be guided by the hypotheses being tested.
Second, they must be founded on animal-breeding theory
and genetic principles. Third, they must describe practical
breeding schemes using mathematical equations, func-
tional relationships, rules, variables, and/or parameters
on temporal or spatial scales. Fourth, they must have an
appropriate level of complexity in terms of constraints and
simplifying assumptions. Models that are too simple fail to
generate realistic trends. Too complex and we are unable
to understand emerging trends. Fifth, we must be able to
evaluate the extent to which the models behave in the
same way as the practical breeding schemes they repre-
sent. Fulfilling each of these criteria ensures confidence
and credibility with which we can apply breeding plans to
practical breeding schemes. Therefore, developing deci-
sion tools that provide useful representations of practical
breeding schemes is an important step in the design of
breeding plans with genomic information.
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